A number of predictive methods have been designed to predict protein interaction from sequence or expression data. On the experimental front, however, high-throughput proteomics technologies are starting to yield large volumes of protein-protein interaction data.
INTRODUCTION
With the completion of full genome sequence for several model organisms, new approaches are emerging to comprehensively characterize the function of gene products. In these so-called 'functional proteomics' approaches, largescale assays on the complete set of proteins of a given organism -the proteome -enable the study of the function of proteins in their context, rather than individually. The recent emergence of high-throughput techniques to systematically identify physical interactions between proteins has opened new prospects. Not only can an important part of what is now referred to as the 'function' of a protein be characterized more precisely through its interactions, but networks of interacting proteins also extend this purely local view of function by providing a first level of understanding of cellular mechanisms. In short, protein interaction maps can provide detailed functional insights on characterized as well as yet uncharacterized proteins, along with an information base for the identification of biological complexes and metabolic or signal transduction pathways (for review, see Walhout and Vidal, 2001) .
On the experimental front, high-throughput techniques derived from the yeast two-hybrid have been used to build protein interaction maps for several organisms, including Saccharomyces cerevisiae (Fromont-Racine et al., 1997; Fromont-Racine et al., 2000; Ito et al., 2000; Uetz et al., 2000) , Caenorhabditis elegans (Walhout et al., 2000) , the HCV (Flajolet et al., 2000) and vaccinia (McCraith et al., 2000) viruses, and recently the Helicobacter pylori bacteria (Rain et al., 2001) . As initial in silico exploitations of these experimentally derived interaction maps, algorithms aimed at assigning function to uncharacterized gene products have been proposed. Their underlying principle is 'guilt by association': function is assigned to a protein by transposing existing annotations from its interacting partners. This approach relies heavily on the completeness of the interaction map and on the quality of functional annotations: first attempts were performed recently on the S. cerevisiae interaction map (Fellenberg et al., 2000; Schwikowski et al., 2000) .
On the computational front, protein linkage maps have also been predicted ab initio using algorithms based on sequence data from completely sequenced genomes, such as the 'Rosetta stone' / 'gene fusion' method (Enright et al., 1999; , the 'phylogenetic profile' method , the 'gene neighbor' method Overbeek et al., 1999) , or the mRNA expression level correlation method (Eisen et al., 1998) . Links predicted by these in silico approaches hint at correlated function, with a part corresponding to actual physical interactions. Each approach shows an a priori bias corresponding to the biological hypothesis underlying the prediction algorithm -e.g. two proteins interact if their genes were fused in an ancestor genome. Comparison with experimental data confirms this bias, and also shows an increase in predictive power when several independent sources of data and different algorithms are combined see Eisenberg et al. (2000) for review).
In this paper, we present a computational approach aimed at predicting the protein interaction map of a target organism from a large-scale "reference" interaction map (of a source organism) that includes interaction domain information. This method -dubbed the 'Interacting Domain Profile Pairs' (IDPP) approach -is based on a combination of interaction data and sequence data, and uses a combination of homology searches and clustering.
We apply this method to the inference of a protein interaction map of the model organism Escherichia coli from a Helicobacter pylori reference interaction map. H. pylori was chosen as the source organism because its published protein interaction map contains the largest set of reliable experimental interactions, and includes information on interaction domains (Rain et al., 2001) .
In order to evaluate the IDPP method, we designed a simpler prediction method based only on full-length protein sequence similarities, similar to the techniques used for functional inference between putative orthologs in a number of comparative genomics studies (Bansal, 1999;  for review see Bork et al., 1998) and to an earlier attempt at inferring pathways across organisms (Karp et al., 1996) . This method is referred to as 'naive method'. The IDPP method is shown to both eliminate a significant number of false positives of the naive method by addressing the issue of multi-domain proteins, and to exhibit increased sensitivity by predicting additional domain-based interactions.
Notations
In order to facilitate the description and motivation of the two methods that were used to predict a protein interaction map, we introduce the following notations.
• a proteome P is a set of proteins {p 1 , . . . , p m }.
• a set of domains of P is a set D P = {d 1 , . . . , d n } such that each d i belongs to at least one protein of P. Interacting domains (IDs) are particular instances of domains.
• an interactome I is represented as a set of interactions • a protein interaction map M=(P, I) is represented as a graph were the edges are the interactions of I that connect the vertex proteins of P.
For convenience, we note M S =(P S , I S ) the Source, and M T =(P T , I T ) the Target protein interaction map.
ALGORITHM #1: A NAIVE METHOD FOR PROTEIN INTERACTION MAP PREDICTION
Classical attempts to predict functional properties of proteins across organisms typically involve two major conceptual steps:
1. The establishment of a correspondence between proteomes, i.e. a function that associates to each protein of the source organism a set of proteins in the target organism.
2. The transport of the property of interest along that correspondence.
In comparative genomics approaches, the focus is on transporting functional annotations of individual proteins to putative orthologs (i.e. exact functional counterparts) in the other organism; it is thus important to distinguish orthologs from paralogs. The correspondence is thus by construction one-to-one, in agreement with this "atomic" notion of function. Here, in contrast, the correspondence is meant to link a protein in the source organism with any number of proteins sharing the same interaction capabilities in the target organism. The following method is a straightforward application of these ideas.
Construction of a correspondence between P S and P T The library of target protein sequences is screened against the full-length sequences of proteins connected in M S .
A protein x T of P T is termed homologous to a protein x S of P S if there is a significant similarity between their sequences (see the Implementation section below for details on algorithms and thresholds). The correspondence associates to each protein of P S the set of its homologous proteins in P T .
Prediction of interactions
The target interaction map M T is then completed by linking the proteins in P T : an interaction is predicted between two different target proteins x T and y T if there are two different proteins x S and y S , respectively homologous to x T and y T , and interacting in M S . From a theoretical point of view, this method has two major a priori weaknesses: i) It does not take into account the fact that interactions occur between protein domains rather than full proteins,
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nor does it exploit the domain information in M S .
ii) It does not fully exploit the network structure of M S : indeed, it would treat in the same way a list of unconnected interactions and a densely connected interaction map. It is clear, however, that knowing that several different proteins interact with x through homologous domains is a better support for prediction than just knowing of one such interaction. Similarly, this method does not exploit the fact that the property to be inferred is a property of pairs of proteins rather than of individual proteins.
Intuitively, these two properties of the input data M S can be exploited to increase the sensitivity of the prediction algorithm.
ALGORITHM #2: THE INTERACTING DOMAIN PROFILE-PAIR (IDPP) METHOD
The aim of IDPP algorithm is to predict a protein interaction map on a target proteome P T from a source map M S . In contrast to the naive method, however, it was designed to fully exploit the properties of the available instance of M S , namely the availability of domain information for each interaction and the fact that for a given ID domain d of a protein x, the protein interaction map will typically provide several instances of domains interacting with d. To that effect, an additional step is introduced: the source map is first transformed into an abstract interaction map (MD S ) connecting clusters of interaction domains. A correspondence is then built between this abstract interaction map and the target proteome, and the interactions are inferred along this correspondence. The IDPP method is detailed below and also sketched in Figure 1 along the naive method.
Transformation of the source protein interaction map into an abstract Domain Cluster Interaction Map
An abstract domain cluster interaction map MD S is generated from M S as follows:
1. Construction of MD S vertices: clustering of IDs 2. Clustering of IDs that interact with the same region of the same partner:
As a first step, we cluster domains of different proteins that interact with a common region: for each protein x S in P S , we examine the IDs of all proteins interacting with x S . These IDs can be clustered into interacting clusters (IC), where an IC of protein x S is defined as a set of M S IDs interacting with a common region of x S . Note that for a given protein x S , both the number of ICs and the number of IDs within each IC are bounded by the number of proteins interacting with x S . In graph-theoretical terms, an IC can be viewed as a clique (a subgraph where each vertex is linked to all others) where all the IDs are pair-connected are represented. The naive method directly screens the target proteome P T with full-length protein sequences of P S , builds a correspondence according to best matches and infers interactions along this correspondence. The IDPP method first creates an intermediary 'Domain cluster interaction map' (MD S ). MD S vertices are obtained by clustering IDs according to two criteria: connectivity (I-links) and sequence similarity (S-links). A MD S interaction between two ID clusters is created when enough interactions exist between members of the cluster pair. A profile is then built for each ID cluster, and used to screen P T and create a MD S -M T correspondence. The target protein interaction map is then predicted along this latter correspondence.
by links meaning 'interact with the same part of the x protein'. We call this kind of functional linkage an I-link. Note that this clustering is non-transitive (i.e. a given domain d can be clustered to a cluster C if d shares a significant sequence similarity with all the sequences in C) and non-exclusive (a domain can participate in several clusters). The resulting clusters are in fact cliques both in terms of S-links and of the previously described I-links. We called these clusters n-SIC (Similarity & Interaction Cliques), where n is the number of IDs in the cluster (1-SIC are degenerated cliques containing a single nonconnected ID). The set of vertices of MD S is defined as the set of all n-SICs (n 0).
Clustering of homologous IDs

Construction of MD S edges (interactions between domain clusters)
Interactions between SICs, called ID Profile Pairs (IDPP), are generated as follows. All possible pairs of SIC are analyzed. A pair of SIC (SIC 1 ; SIC 2 ), SIC 1 ={ID 1,1 , . . . , ID 1,n1 } and SIC 2 ={ID 2,1 , . . . , ID 2,n2 }, is said to define a IDPP if the number of (ID 1,i , ID 2,j ) pairs connected in the source interaction map divided by n 1 n 2 (the total number of possible ID pairs between SIC 1 and SIC 2 ) is superior or equal to a threshold T (Figure 3) .
In a perfect world, T would be 100%, meaning that the pair of SIC must be fully inter-connected to create a IDPP. Since the experimentally derived M S is necessarily incomplete with respect to the ideal map of all possible physical interactions in P S , however, pairs with partial but high interconnection should also result in the creation of a IDPP. For example, two 2-SIC inter-connected by 'only' 3 interactions (out of 4 possible) should yield a IDPP, as this signal appears significant from a biological point of view: the 'missing' interaction can most of the time be explained by the non-exhaustiveness of the source map. Based on some examples, we chose T = 75% as the threshold.
We distinguished three types of IDPP according to the number of elements in each cluster of the pair: '1:1', '1:n', and 'n:n', where n is strictly greater than 1. Intuitively, a IDPP is meant to gather all the evidences from M S about a given domain-domain interaction. IDPPs for which the two SIC are not degenerated (1:n and n:n) can be seen as combining connectivity and sequence similarity information, while degenerated 1:1 IDPP reflect only interactions between single domains.
Correspondence between MD S and P T Profile building For each n-SIC that contains more than one member (n 1), a profile is built from the multiple alignment of the ID sequences.
• If n = 2, the alignment is the previously computed pairwise comparison result,
• If n 2, it is recomputed as a multiple alignment.
Note that by construction, IDs that are members of the same n-SIC share a sequence similarity in a single region. A Hidden Markov model profile is then built from the sequence alignment.
Searching for similarities between domain profiles in target proteome P T For each n-SIC, a library containing the target protein sequences is screened, using as a probe a single ID sequence if n = 1, else a ID profile. Significant hits define homologies between target protein domains and source ID profiles. The correspondence between vertices of MD S and P T is defined by associating to each n-SIC the set of P T proteins similar to its profile.
Inference from MD S to M T : prediction of interactions from the IDPP collection
In this final step, the property "x interacts with y" is transported along the correspondence defined above. This inference step is similar to the one described above for the 'naive' method.
MATERIAL
As a source map (M S ), we used the recently published protein interaction map of Helicobacter pylori (Rain et al., 2001 ) (http://pim.hybrigenics.com). The map was obtained experimentally by a high-throughput two-hybrid strategy using a random genomic fragment library of the H. pylori strain 26695 (Tomb et al., 1997) and specific bioinformatics processes. It is composed of 1524 interactions between 2680 independent interacting domains. The length of IDs ranges from 10 to 700 amino acids (about 160 on average). Each interaction (that is, a pair of IDs) is scored with a reliability value that allows to filter out potential artefacts of the two-hybrid method. Over 1200 interactions yield a trustable score, thus connecting 46.6% of the 1590 H. pylori putative proteins, representing an average connectivity of 3.36 partners per connected protein (without counting the 62 homodimeric connections). Protein annotations are from the PyloriGene database (http://genolist.pasteur.fr/PyloriGene/).
Escherichia coli K-12 MG1655 was used as a target organism for protein-protein interaction map prediction. Protein sequences and functional categories were downloaded from the E. coli Genome Project homepage (http:// www.genetics.wisc.edu/, version M52, September, 1997).
METHODS (IMPLEMENTATION)
The pairwise ID comparisons (in the IDPP method) were performed with the ssearch33 software application from the FASTA3 program package (Pearson, 2000) . We tested the different sets of parameters recommended by Pearson, and chose those with the highest gap opening and extension penalties (respectively -14 and -2). The matrix used is BLOSUM50. A significant pairwise alignment is defined as an alignment with a Smith-Waterman score greater than a threshold fixed to 60, ensuring enough amino acid similarity on a long-enough region.
Multiple ID alignments (involving more than two sequences) are computed with the CLUSTAL W software application (Thompson et al., 1994) . Once again, parameters were tuned to minimize the number of gaps (matrix = BLOSUM, gap opening penalty = 14, gap extension penalty = 2). Hidden Markov model profiles were then built with the hmmbuild software application from the HMMER package (see http://hmmer.wustl.edu/).
The E. coli protein library was screened with ssearch33 in cases where the probe was a single sequence (full-length protein sequences in the naive method, and single ID sequences of 1-SIC in the IDPP method). The hmmsearch software (package HMMER) was used for ID profiles of n-SIC with n 1. Matches below a fixed E-value threshold are considered as significant and defined a homology between the H. pylori probe sequence and the E. coli protein domain sequence. Several E-value thresholds were tested; the results presented here were obtained with a threshold of 1 e -5, chosen on the basis of examples and in agreement with previous studies (e.g. Karp et al., 1996) .
RESULTS
The IDPP method and the naive method were both applied to the inference of an E. coli protein interaction map from the reference H. pylori protein interaction map. Results are summarized in Table 1 . Predicted interactions are separated in three main categories according to their origin: IDPP specific (A), predicted both by IDPP and naive methods (B), and specific to the naive method (C). The latter category is further divided into C1 and C2, respectively potential and confirmed false positives of the naive method (see below).
In the first step of the IDPP method, the 1524 interactions connecting 2680 IDs of the original H. pylori interaction map yielded an abstract domain cluster interaction map containing 1568 vertices (n-SICs) (including 214 with n 1), and 1810 IDPPs (edges). Fifty (3%) of these IDPPs are 'n:n' pairs, 442 (24%) are '1:n' pairs, and the 1318 (73%) remaining abstract interactions were created from a single pair of IDs from the original interaction map. The correspondence established between this abstract domain interaction map and the E.coli proteome led to 881 interaction predictions, connecting 412 out of the 4290 proteins (9.6%).
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Interactions predicted from 1:n and n:n IDPPs are listed in Table 2 . These interactions can be seen as "higherconfidence" predictions, as they result from the clustering of information coming from two or more independent interactions of the original map.
DISCUSSION
The IDPP method appears to be significantly more stringent than the naive method (651 interactions predicted by the naive method were not confirmed by IDPP), yet yields a number of additional, highly domain-specific, predicted interactions.
The largest interaction category (B) includes the 846 interactions that were predicted by both methods. While IDPP method strongly reinforces the naive prediction in some cases (1:n and n:n pairs), for the majority of these interactions stemming from 1:1 pairs, the IDPP prediction essentially confirms that the correspondence computed with the naive method is compatible with information on the interaction domain, eliminating putative false positives in the process (see category C below).
Category A includes thirty five interactions that were predicted by the IDPP method but not by the naive method. Among these IDPP-specific predictions, 28 result from the highest selectivity of short ID regions compared to full-length proteins. For instance, HP0422 is a 615 amino acid long protein that shares a similarity with the E. coli lysA ; that similarity was not considered significant since the corresponding E-value of 5 e -5 is greater than the chosen threshold. In contrast, the corresponding HP0422 ID (located between amino acids 141 and 466) shows significant homology to the 108-284 region of lysA (E = 5 e -6).
In addition, the use of ID profiles instead of single ID sequences allowed the detection of homologies at lowest levels of sequence similarity. For instance, H. pylori protein HP1411 has no homolog in E. coli, whether one considers its full length sequence or a ID sub-sequence. Nevertheless, because HP1411 interacts with the gyrA H. pylori protein and also shares a sequence similarity with gyrA, a profile merging gyrA and HP1411 sequences was built and succeeded in selecting the homologous E. coli gyrA protein. A gyrA homodimer was thus predicted in E. coli (Figure 4 ). This prediction is confirmed by the SwissProt annotations, according to which gyrA forms an A2-B2 complex with gyrB.
The 651 interactions of category C were predicted by the naive method but not by the IDPP method. The main explanation, confirmed by several manual analyses, resides in the difference between global similarity found by using full-length sequences and homology between a ID profile and a protein subsequence.
Two hundred fifty two (40%, sub-category C2) of these 651 interactions were predicted through sequence similarity of a region that does not contain the ID and are thus in all likelihood false positives. For example, HP0250 is a 516 amino acid long protein involved in oligopeptide transport. Its N-terminal region (2-243) is very similar to several E. coli other transport ATP binding proteins, including for example artP (E-value=4 e -7). Since HP0250 interacts with msrA (HP0224) in the H. pylori source map, an interaction between the E. coli msrA protein and artP has been predicted by the naive method. However, the HP0250 ID interacting with msrA is located in the Cterminal region (458-516) and shares no similarity with artP. These are strong indications that HP0250 is a multidomain protein, and that the predicted msrA-artP is a false-positive interaction of the naive method. The 399 remaining interactions (sub-category C1) were obtained through sequence similarity that was significant when considering the whole protein but not when considering the shorter included ID region. Clearly, modification of the similarity search algorithms parameters can impact this number by transferring some proteins between this latter category and category B. We feel, however, that finer "manual" inspection of the sequence alignment in the vicinity of the ID region and/or additional biological expertise is needed to confirm "false positive" status for these interactions. Pending further validation, they should be considered as putative false positives, or "lower-confidence" predictions.
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Three tests against existing functional data were applied to a first 'indirect' assessment of the validity of the IDPP approach to interaction prediction. First, interactions predicted by the IDPP method were analyzed in terms of functional categories for the E. coli K-12 genome (a protein is assigned at most one category in this functional classification), and compared to a theoretical background obtained by random drawing. Five hundred and five of the 881 interactions (57%) involved pairs where both proteins had assigned functional categories, which is significantly higher than the 24% background. Among these 505 interactions, 143 (28%) involved proteins assigned to the same functional category: this is also significantly higher ( p < 10 −10 ) than the 8% random theoretical background. Interestingly, these 143 proteins were found to be distributed preferentially in seven functional categories: 'Transport and binding proteins' (12%), 'Translation, post-translational modification' (12%), 'Cell processes' (10%), 'DNA replication, recombination, modification and repair' (6%), 'Transcription, RNA processing and degradation' (6%), 'Central intermediary metabolism' (6%), and 'Energy metabolism' (6%). One interpretation • ID α and ID γ are then clustered in the same 2-SIC, since the 197-332 region of HP1411 and the 498-627 region of HP0701 are similar (103 amino acid overlap, 32% of identity, (a)). This leads to the creation of a "homodimer" 2:2 ID profile pair connecting the 2-SIC with itself. When used as a probe to screen a E. coli protein sequence library, the 2-SIC profile selected a 172 amino acid long domain on the gyrA protein, and gyrA was predicted to interact with itself through this domain (c).
is that these categories gather functions common to all bacteria.
In a second validation test, for each interaction predicted by the IDPP method, SwissProt annotation keywords of both partner proteins were retrieved, and common keywords were counted, after discarding irrelevant keywords such as 'hypothetical protein', '3D-structure', or 'transposable element'. Among the 351 interactions for which both proteins are annotated, the average number of common keywords was estimated to 0.4. To obtain a rough estimate of the background noise, the same keyword retrieval procedure was performed for a set of random pairs of annotated E. coli proteins and resulted in an average of 0.2 shared keywords per pair ( p < 10 −5 ). Finally, we assessed predicted interactions against physical location of genes in the genome. The organization of the E. coli genome into operons suggests a functional link between corresponding gene products. Table 3 lists the interactions predicted by the IDPP method between two proteins encoded by genes in the same genomic region.
CONCLUSION
We have developed a method to predict a protein interaction map of a target organism from the protein interaction map of a reference organism. The method exploits Table 3 . Predicted interactions between products of "neighbor" genes.
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Protein 2  b0094  ftsA  b0095  ftsZ  b1079  flgH  b1080  flgI  b1885  tap  b1887  cheW  b1886  tar  b1887  cheW  b1887  cheW  b1888  cheA  b1923  fliC  b1925  fliS  b221  atoD  b2222  atoA  b3313  rplP  b3317  rplB  b3985  rplJ  b3986  fplL  b4200 rpsF b4202 rpsR the network structure of the reference interaction map together with sequence data from the interaction domains to increase prediction sensitivity and specificity. The use of sequence similarity on interacting domains rather than full-length proteins reduces the false-positive rate induced by multi-domains proteins. Moreover, the combination of sequence and interaction information allows the identification of ID profiles, 'flexible patterns' of sequence correlated to physically interacting structures, that enhance the prediction sensitivity. As an additional feature, these profiles also represent new potential binding motifs. The IDPP method yields several categories of predicted protein-protein interactions, corresponding to different levels of "available evidence" in the reference interaction map. The number of predicted interactions can be modulated according to the biological aim by tuning the stringency parameters of sequence similarity algorithms.
Special emphasis should be placed on the fact that the method relies heavily on the completeness, accuracy and level of detail (definition of protein domains) of the reference data set. Its predictive power should increase as the reference interaction map becomes more complete, as long as special care is taken with quality control of experimental procedures.
In-depth assessment of that predictive power will entail further biological studies. Similarly, meaningful comparison of our prediction methods with ab initio sequencebased prediction methods (Enright et al., 1999; will require an independent and overlapping experimental "validation" dataset.
Perspectives opened by this work include ab initio prediction of "virtual" protein interaction maps on a variety of organisms related to existing experimental protein interaction maps, combined use of prediction and experimental work to speed-up the construction of new interaction maps, or the identification of new shared interaction domains. Also, as an alternative to additional experimental evidence on a single organism, we are investigating the possibility as well as the biological relevance of using reference protein interaction maps combining interactions from several organisms.
